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Abstract
Background
The Enhanced Matching System (EMS) is a probabilistic record linkage program developed
by the tuberculosis section at Public Health England to match data for individuals across
two datasets. This paper outlines how EMS works and investigates its accuracy for linkage
across public health datasets.
Methods
EMS is a configurable Microsoft SQL Server database program. To examine the accuracy
of EMS, two public health databases were matched using National Health Service (NHS)
numbers as a gold standard unique identifier. Probabilistic linkage was then performed on
the same two datasets without inclusion of NHS number. Sensitivity analyses were carried
out to examine the effect of varying matching process parameters.
Results
Exact matching using NHS number between two datasets (containing 5931 and 1759 rec-
ords) identified 1071 matched pairs. EMS probabilistic linkage identified 1068 record pairs.
The sensitivity of probabilistic linkage was calculated as 99.5% (95%CI: 98.9, 99.8), speci-
ficity 100.0% (95%CI: 99.9, 100.0), positive predictive value 99.8% (95%CI: 99.3, 100.0),
and negative predictive value 99.9% (95%CI: 99.8, 100.0). Probabilistic matching was most
accurate when including address variables and using the automatically generated threshold
for determining links with manual review.
Conclusion
With the establishment of national electronic datasets across health and social care, EMS
enables previously unanswerable research questions to be tackled with confidence in the
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under Section 251 of the NHS Act 2006. This
research informs and improves Public Health
England's ability to conduce national surveillance
data for public health purposes. Unfortunately the
public health datasets cannot be made publicly
available, or anonymised in an appropriate manner
using any of the methods suggested by UK data
accuracy of the linkage process. In scenarios where a small sample is being matched into a
very large database (such as national records of hospital attendance) then, compared to
results presented in this analysis, the positive predictive value or sensitivity may drop
according to the prevalence of matches between databases. Despite this possible limita-
tion, probabilistic linkage has great potential to be used where exact matching using a com-
mon identifier is not possible, including in low-income settings, and for vulnerable groups
such as homeless populations, where the absence of unique identifiers and lower data qual-
ity has historically hindered the ability to identify individuals across datasets.
Introduction
The routine collection of electronic health and social care records provides unique opportuni-
ties to investigate important research questions in an efficient and powerful way by linking
individuals across disparate providers of care. Record linkage has been performed for a number
of years in various epidemiological study designs including case control, cohort studies, capture
recapture studies and economic evaluations.[1–4]
In a majority of studies, three methods have been used to match records between datasets:
Exact matching, deterministic matching, and probabilistic linkage. Exact matching requires
records within the two data sets to contain a universally available and unique identifying vari-
able. Many databases across health and social care do not contain such a unique and univer-
sally available variable, or accurate and fully available personal identifiable information,
limiting the ability to perform exact matching. Deterministic matching can be described as
record linkage of two (or more) files based on agreement rules (exact, approximate, and partial)
for matching variables. This description of deterministic matching is an updated version of the
definition provided by Blakely et al.[5] A recent paper by Bradley et al. provides the following
helpful additional description of deterministic matching: " In deterministic matching, the
investigator devises a series of steps that will be executed in a particular order to link two data-
sets. For example, the first step may be to attempt a complete match on SSN (or other unique
identifier), sex, and month, day, and year of birth. The second step might be to match on less
restrictive criteria, for example, the last four digits of the SSN, sex, and month, day, and year of
birth. These steps are continued until as many records as possible are correctly linked between
the two datasets".[6] Probabilistic linkage is defined as: “Record linkage of two (or more) files
that utilizes the probabilities of agreement and disagreement between a range of matching vari-
ables”.[5]
The Enhanced Matching System (EMS) is a probabilistic record linkage program developed
to combine data for individuals across two datasets, or within a single dataset for the purposes
of de-duplication (de-duplication is not discussed in this manuscript). EMS was developed
over several years and can be configured with ease for different matching projects.
EMS was designed and developed by the tuberculosis section at Public Health England
using funds from two NIHR grants (RP-PG-0407-10340 and HTA—08\68\01) and builds
upon the classic methods described by Newcombe.[7,8] EMS is used operationally by the
tuberculosis section at Public Health England for many types of analysis including measuring
the levels of drug resistance in tuberculosis cases notified in the UK, and establishing the
amount transmission among these cases.[9] Historically, probabilistic linkage has been neces-
sary for this work due to the low recording rates of a unique identifiers between the two data-
sets (case notifications of tuberculosis to Public Health England and culture positive isolates
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from tuberculosis reference laboratories across UK) used to establish these estimates. These
datasets are probabilistically linked and de-duplicated to form the Enhanced Tuberculosis Sur-
veillance database. In this paper we outline the main features of EMS and present an analysis
used to examine its accuracy at matching these two public health tuberculosis datasets.
Methods
Enhanced Matching System
EMS is a configurable Microsoft SQL Server database program, currently implemented on
Windows 7 and SQL Management studio 2012 and written using the Transact-SQL program-
ming language. The first step in using EMS is data mediation, whereby variables are converted
into a pre-specified EMS table structure. To increase the accuracy of the matching, data are
then standardised by splitting and parsing of forenames, postcodes, date of birth and addresses,
cleaning of country and hospital names when available (for example, through the removal of
erroneous spaces at the beginning or end of these country or hospital names), and generating
Soundex codes (an algorithm generated index based on the way a name sounds[10]) for name
variables. Address information, where available, is split into house or flat number, street name,
town or city, postcode and country.
Pairing and blocking is used by EMS to improve the efficiency of the matching process by
reducing the number of comparisons required. Depending on available fields within the data-
bases to be matched, blocking involves EMS breaking the records into smaller blocks in three
ways: records having the same surname Soundex, year of birth, or first two characters of the
postcode area. After all comparisons have been performed within each of the three blocks (or
two blocks if either Soundex, year of birth, or postcode area are not available) a cumulative
weight is calculated for each comparison pair across the blocks. Duplicate pairs are removed
after the blocking by keeping the record pair with the highest weight in a single output table.
Three way blocking is used because, for example, if year of birth is missing for one record pair,
this record pair will still be linked in one of the other two blocks (surname soundex or postcode
district) as long as data are also not missing on these variables in both datasets.
Probabilistic linkage relies on the generation of weights to identify agreements and disagree-
ments between the identifying set of fields in two datasets.[11] EMS generates a weight for
matching fields based on the m probability (the probability that the matching variable agrees
given that the comparison pair being examined is a match[5]) and the u probability (the proba-
bility that a matching variable agrees given that the comparison pair being examined is a non-
match[5]). For example, the probability of random agreement for month of birth in two rec-
ords that are not a true match is approximately 0.08 (or 1/12), which corresponds to the u
probability. The m probability depends mainly on the data quality for a matching field. A typi-
cal m probability, for an outcome of agreement, is around 0.9 indicating that 90% of matches
(for two records are in fact a true match) will have the same value for this matching field. The
m probabilities at the start of a matching project are estimates, and several matching runs can
be performed within EMS in order to refine values.
Weights are then calculated for each matching field in a pair of records, depending on
whether they agree or disagree (Equation 1). The weight for each possible matching pair field is
the logarithm to the base 2 (log2) of the likelihood ratio. Logarithms to the base 2 are used in
probabilistic linkage as per information theory convention.[11]
W ¼ log2
m probability
u probability
 
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Equation 1. Formula for calculating individual weights for agreed matches. The m probabil-
ity and u probability are replaced by (1 –m probability) and (1- u probability) for disagreement
matches.
A weight of zero is used when one or both of the fields have missing or unknown values.
Where the m probability is greater than the u probability, the weight is positive, and where the
1 –m probability is less than the 1 –u probability then the weight is negative. Therefore agree-
ments are generally positive and disagreements generally negative. EMS carries out matching
across multiple fields under the assumption that they are independent. A total weight is
obtained for all matching fields in each record pair, as per Equation 2. The logs for individual
weights are summed, a process equivalent to multiplying the likelihood ratios.
W ¼
X
Wi
Equation 2. Formula for calculating total weight for a record pair
The prior probability of a random pair matching is then calculated (Equation 3[7]) and a
threshold is calculated (Equation 4 adapted from the work by Newcombe[7]), above which a
record pair is considered matched, using a pre-specified positive predictive value. This thresh-
old is calculated independently of the blocking and is therefore based on all possible pairs, and
not the actual number of pairs compared during the matching process.
PðMÞ ¼ m
n
where
m: estimated number of matches
n: possible matching pairs = (n1  n2) / z
n1 and n2: dataset sizes (obtained directly from the data)
y: number of years
z: correction factor for restrictions on matching, and where z = 1 − all matches allowed (i.e.
no effect);
or
y2
ð2y  1Þ 
y
2
 matches restricted to within 1 year;
or
y matches further restricted to single core year:
Equation 3. The prior probability of a random pair matching
Threshold ¼ log2
PðUÞ
PðMÞ
 
þ log2
ppv
1 ppv
 
where P(U): prior probability of not matching = 1 − P(M)
ppv = positive predictive value, the probability that record pairs with a total weight above
the threshold are truly matches and is specified by the user performing the matching.
Equation 4. Threshold formula
Records below the threshold are considered unmatched and human (manual) review can
then be carried out to examine matches close to this threshold (above and below) in order to
identify false positives and false negative.
Accuracy of EMS. Two datasets were used to examine the accuracy of EMS: case notifica-
tions of tuberculosis to Public Health England and a laboratory database of all culture positive
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isolates from tuberculosis reference laboratories from England, Wales and Northern Ireland.
Case notifications are made to Public Health England by healthcare workers looking after
patients with tuberculosis and include demographic, and clinical details of cases. The labora-
tory database contained basic demographic, address information as well as mycobacterial spe-
cies and drug susceptibility testing results for positive tuberculosis specimens.
All case notifications with a National Health Service (NHS) number for the calendar year
2012 were used for this analysis, along with all de-duplicated (by linking the lab database to
itself using EMS) laboratory database records with an NHS number for the period 1st October
2011–31st March 2013. Laboratory database records for the three months before and after the
calendar year of 2012 were included as tuberculosis cases may be notified before or after the
microbiological result. This strategy therefore aims to increase the number of possible matches
across the two datasets.
Exact matching using NHS number was used as a gold standard to identify linked records.
NHS number is a ten digit unique identifier for a patient and is used throughout the health ser-
vice. It is often formatted 3-3-4, with separating space or hyphen (e.g. 123-456-7890). NHS
numbers included in the final analysis as the gold standard were checked for validity. Simple
descriptive analysis was performed to examine differences between tuberculosis notification
and laboratory isolate records with and without NHS numbers.
After exact matching, case notifications and the laboratory database were probabilistically
linked by EMS using first name, surname, date of birth, sex, address details (including post-
code) data, first name soundex and surname soundex. NHS number was not included as a
matching variable in the probabilistic linkage in order that the matching was independent of
this gold standard identifier. Three blocking passes were performed with surname soundex,
year of birth, and the first two characters of the postcode respectively. A descriptive analysis
stratified by NHS number availability and validity was performed to examine missing data on
variables used for the linkage from the laboratory, case notifications and an example pre-entry
screening dataset. All records except for those with a missing or invalid NHS number were
included in the accuracy analysis.
The matching threshold was calculated using a value of y = 1 and ppv = 0.99. A decision
was taken a-priori to manually review records with a matching score of 10 above and below the
matching threshold. One author (RWA) performed the manual review and was not blinded to
the analysis, but did not have information on NHS number for record pairs when performing
this manual review. As probabilistic linkage was performed without including NHS number as
matching variable, manual review included all records regardless of whether or not they were
exact matched by NHS number. Outcomes used to assess accuracy of the matching process
were sensitivity, specificity, positive and negative predictive values. A full description of how
these were calculated is provided in S1 Table. Exact confidence intervals (to the 95% level)
were calculated in Stata version 13 using a binomial distribution.
Four sensitivity analyses were carried out. Firstly, probabilistic linkage was performed
using first name, surname, date of birth, sex, address details (including postcode), first name
soundex, surname soundex but without manual review. Secondly, probabilistic linkage was
performed without address variables and without manual review. Thirdly, to examine the
effect that a larger proportion of non-English names would have on the accuracy, matching
was performed without address variables and manual review, but in a case notifications data-
set that only included non-UK born individuals. Fourthly, a sensitivity analysis was carried
out to determine the impact of varying the automatically calculated weight threshold on out-
come measures without manual review, but including all matching variables except NHS
number.
Accuracy of Probabilistic Linkage for Research Studies
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Ethical approval was not required for this accuracy analysis, as Public Health England has
Health Research Authority approval to hold and analyse national surveillance data for public
health purposes under Section 251 of the NHS Act 2006.
Results
A total of 8,751 records were extracted from the case notifications dataset and 7,538 unique
records from the laboratory database. 67.8% of case notifications and 23.3% of the laboratory
database records contained valid NHS numbers. Comparing the characteristics of records with
and without valid NHS number showed differences in age and higher rates of Isoniazid resis-
tance in those records without an NHS number (Table 1). No other differences were found.
A greater number of differences were seen between those records with and without a valid
NHS number in the case notifications dataset. All variables apart from those for drug sensitivity
Table 1. Descriptive analysis of laboratory dataset for records with and without an NHS number.
NHS Number
Available and valid Not available or invalid
All N % N % p-value*
All 7538 1759 23.3 5779 76.7
Age group in years
0 to 14 122 40 32.8 82 67.2
15 to 44 4724 990 21.0 3734 79.0
45 to 64 1576 409 26.0 1167 74.0
65 and over 1061 320 30.2 741 69.8 <0.001
Missing** 55 0 0 55 100.0
Sex of case
Female 2941 726 24.7 2215 75.3
Male 4355 1012 23.2 3343 76.8
Missing 242 21 8.7 221 91.3 0.15
Isoniazid sensitivity result
Resistant 508 95 18.7 413 81.3
Sensitive 6801 1629 24.0 5172 76.0
Missing 229 35 15.3 194 84.7 0.007
Ethambutol sensitivity result
Resistant 84 19 22.6 65 77.4
Sensitive 7217 1699 23.5 5518 76.5
Missing 237 41 17.3 196 82.7 0.84
Rifampicin sensitivity result
Resistant 142 29 20.4 113 79.6
Sensitive 7181 1697 23.6 5484 76.4
Missing 215 33 15.3 182 84.7 0.37
Pyrazinamide sensitivity result
Resistant 108 26 24.1 82 75.9
Sensitive 7161 1690 23.6 5471 76.4
Missing 269 43 16.0 226 84.0 0.91
*Chi squared test, not including missing data for each variable other than NHS number
**It was not possible to calculate the exact age for these records as the date of their laboratory result was not recorded, but date of birth was available for
all records.
doi:10.1371/journal.pone.0136179.t001
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testing and site of tuberculosis disease showed a difference between those with and without an
NHS number (Table 2). These data show that women, ethnic minority groups, individuals not
born in the UK, and individuals with at least one social risk factor for tuberculosis (including
drug use, homelessness, alcohol misuse/ abuse, prison) were more likely not to have an NHS
number.
For assessment of accuracy, only records with an NHS number were included in the proba-
bilistic linkage. The final probabilistic linkage dataset therefore consisted of 5,931 records from
the case notifications database and 1,759 records from the laboratory database (Fig 1). In this
final dataset used for the assessment of accuracy (those with an available and valid NHS num-
ber) there was one record in the case notification dataset missing surname and date of birth,
but not first name (Table 3). One record in the laboratory dataset was missing first name and
surname information, and no records were missing date of birth. 13 (0.2%) records were miss-
ing the first line of their address in the case notifications database and 232 (15.1%) in the labo-
ratory database. 6 (0.1%) records were missing postcode information in the case notifications
database, and 126 (7.2%) were missing in the laboratory dataset. 21 (1.1%) records were miss-
ing information on sex in the laboratory database, and none in the case notifications. There
were low amounts of missing data for first name, surname, date of birth and sex for those rec-
ords with a missing or invalid NHS number. With the exception of the address line 2 (typically
city, town, or local area) in the case notifications dataset, records with a missing or invalid
NHS number had higher levels of missing data than those with a valid and available NHS num-
ber. The example dataset from a pre-entry screened migrant population shows the high quality
data on linkage variables that is available internationally for important public health analyses.
Exact matching between the two datasets using NHS number identified 1,071 matched
pairs. In the case notifications database 4,860 (81.9%) records had no matching pair in the lab-
oratory database, and 688 (39.1%) records from the laboratory database had no matching pair
in the case notifications database.
Probabilistic linkage of the case notifications database to the laboratory database identified
1088 linked pairs using the EMS generated threshold of 19.98. Manual review of 67 pairs with a
weight between 10 and 30 resulted in two below the threshold being changed to matches, and
three results above the threshold being marked as not matching. A total of 19 records that rep-
resented multiple matches (for example, one record in the lab dataset that matches with two
non-duplicate records in the case notifications dataset, or duplicate matches created when
combining results from the three blocking passes) were removed without manual review. The
pair with the highest weight was chosen as the final match to include in the analysis. A total of
1068 matches were therefore identified by the EMS process after manual review and de-
duplication.
Accuracy of probabilistic linkage
Using the threshold of 19.98, and after manual review of records above and below the threshold
and de-duplication of matches, 1,066 records were identified as true positives and 5,546 as true
negatives (Table 4). At the threshold of 19.98, and with manual review, there were 2 false posi-
tives and 5 false negatives. The false negatives had the same date of birth, and several cases had
first names and surnames that were switched, one sex was unknown, and all had different
addresses. Both false positives had the same first name, surname, date of birth, sex and address,
but different NHS numbers suggesting an error in the recording of NHS number.
The sensitivity of the probabilistic linkage was 99.5% (95%CI: 98.9, 99.8) and specificity
100.0% (95%CI: 99.9, 100.0). The corresponding positive predictive value was 99.8% (95%CI:
99.3, 100.0) and negative predictive value 99.9% (95%CI: 99.8, 100.0).
Accuracy of Probabilistic Linkage for Research Studies
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Table 2. Descriptive analysis of case notifications dataset for records with and without an NHS number.
NHS Number
Available and valid Not available or
invalid
All N % N % p-value*
Total 8751 5931 67.8 2820 32.2
Age
<14 414 277 66.9 137 33.1
15–44 5291 3495 66.1 1796 33.9
45–64 1830 1273 69.6 557 30.4
65+ 1216 886 72.9 330 27.1 <0.001
Sex
Female 3706 2619 70.7 1087 29.3
Male 5045 3312 65.6 1733 34.4 <0.001
Ethnic group
White 1814 1316 72.5 498 27.5
Black-Caribbean 175 121 69.1 54 30.9
Black-African 1358 859 63.3 499 36.7
Black-other 71 41 57.7 30 42.3
Indian 2295 1471 64.1 824 35.9
Pakistani 1418 1098 77.4 320 22.6
Bangladeshi 320 194 60.6 126 39.4
Chinese 95 67 70.5 28 29.5
Mixed/other 979 625 63.8 354 36.2
Missing 226 139 61.5 87 38.5 <0.001
UK Born
No 6125 4049 66.1 2076 33.9
Yes 2256 1652 73.2 604 26.8
Missing 370 230 62.2 140 37.8 <0.001
Site of disease
Extra-pulmonary disease only 4095 2754 67.3 1341 32.7
Pulmonary, with or without extra-pulmonary disease 4563 3128 68.6 1435 31.4
Missing 93 49 52.7 44 47.3 0.20
Social risk factor **
No 7683 5210 67.8 2473 32.2
Yes 637 390 61.2 247 38.8
Missing 431 331 76.7 100 23.3 <0.001
Isoniazid sensitivity result
Sensitive 4801 3206 66.8 1595 33.2
Resistant 351 235 67 116 33
Missing 3599 2490 69.2 1109 30.8 0.95
Ethambutol sensitivity result
Sensitive 5087 3396 66.8 1691 33.2
Resistant 51 35 68.6 16 31.4
Missing 3613 2500 69.2 1113 30.8 0.78
Rifampicin sensitivity result
Sensitive 5060 3377 66.7 1683 33.3
Resistant 91 63 69.2 28 30.8
(Continued)
Accuracy of Probabilistic Linkage for Research Studies
PLOS ONE | DOI:10.1371/journal.pone.0136179 August 24, 2015 8 / 15
A series of sensitivity analyses were carried out to examine the performance of the linkage
compared to a gold standard using different assumptions (Table 5). Without manual review,
but using all linkage variables except NHS number, sensitivity was 99.3% (95%CI: 98.7, 99.7)
and specificity 99.9%(95%CI: 99.8, 100.0). Matching without NHS number, address variables
and manual review resulted in a sensitivity of 97.1% (95%CI: 95.9, 98.0) and specificity 100.0%
(95%CI: 99.9, 100.0). To examine the effect of having a larger proportion of non-English
names has on accuracy, matching was performed without address variables and manual review
in a case notifications dataset with only non-UK born individuals and found a sensitivity of
96.5% (95%CI: 94.9, 97.8) and specificity 100.0% (95%CI: 99.8, 100.0).
Varying the threshold between a credible range of 10 and 50 resulted in sensitivity changing
from 86.1% (95%CI: 83.9, 88.1) to 99.6%(95%CI: 99.0, 99.9; Table 6). In this same analysis,
specificity ranged from 99.5% (95%CI: 99.3, 99.7) to 100.0% (95%CI: 99.8, 100.0).
The distribution of the weights for the matching process is shown in Fig 2, which presents
pairs with a total weight score greater than zero and therefore excludes the very large number
of non-matches. The number of matches increased rapidly after a weight of around 50 and
decreasing rapidly after the mode of 77.
Table 2. (Continued)
NHS Number
Available and valid Not available or
invalid
All N % N % p-value*
Missing 3600 2491 69.2 1109 30.8 0.62
Pyrazinamide sensitivity result
Sensitive 5043 3364 66.7 1679 33.3
Resistant 45 33 73.3 12 26.7
Missing 3663 2534 69.2 1129 30.8 0.35
*Chi squared test, not including missing data for each variable other than NHS number
**At least one social risk factor including drug use, homelessness, alcohol misuse/ abuse, prison
doi:10.1371/journal.pone.0136179.t002
Fig 1. Flow chart of datasets used for study.
doi:10.1371/journal.pone.0136179.g001
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Table 3. Description of missing data on variables used for the linkage from the laboratory, case notifications and an example pre-entry screening
dataset, by NHS number availability and validity.
Missing data for linkage variables
NHS number available and valid NHS number not available or
invalid
N % N %
Laboratory dataset
All 1759 100% 5779 100%
Firstname 1 0% 13 0%
Surname 1 0% 0 0%
Date of birth 0 0% 0 0%
Sex 21 1% 173 3%
Address line 1* 232 13% 4513 78%
Address line 2** 1023 58% 5387 93%
Postcode 126 7% 3939 68%
Case notiﬁcations dataset
All 5931 100% 2820 100%
First name 0 0% 0 0%
Surname 1 0% 0 0%
Date of birth 1 0% 1 0%
Sex 0 0% 0 0%
Address line 1* 13 0% 8 0%
Address line 2** 2918 49% 1302 46%
Postcode 6 0% 9 0%
Pre-entry screening dataset
All 640808 100%
Firstname - - 13078 2%
Surname - - 4824 1%
Date of birth - - 910 0%
Sex - - 786 0%
Nationality - - 796 0%
*E.g. house number and street name
**E.g. city.
doi:10.1371/journal.pone.0136179.t003
Table 4. Comparison of matches identified by exact linkage using NHS number, and the probabilistic
linkage process (without NHS number) and with de-duplication andmanual review.
Exact matching (NHS Number)
+ve -ve Total
Probabilistic (EMS) +ve 1066 2 1068
-ve 5 5546 5551
Total 1071 5548 6619
Note: the total denominator is calculated using the number of exactly linked pairs (1071), plus the 4,860
records in the case notiﬁcations database had no matching pair in the laboratory database, and 688
records from the laboratory database had no matching pair in the case notiﬁcations database (i.e. 1071
+ 4860 + 688 = 6619).
doi:10.1371/journal.pone.0136179.t004
Accuracy of Probabilistic Linkage for Research Studies
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Discussion
The Enhanced Matching System uses probabilistic linkage and had high accuracy when com-
pared to a gold standard exact matching based upon NHS number. Probabilistic linkage was
most accurate when including address variables and using the automatically generated thresh-
old for determining matches with manual review. Accuracy remained relatively high even after
exclusion of address information from the linkage process, in linkage without manual review,
and in a case notifications dataset that only included non-UK born individuals. Varying the
weight threshold used to determine matches affected the sensitivity and specificity of probabi-
listic linkage.
The characteristics of records in the case notification and laboratory datasets with missing
or invalid NHS numbers were examined. As a result of the lack of demographic data in the lab-
oratory database, the only differences found were for age and Isoniazid resistance, which has
been associated with an outbreak of tuberculosis in homeless, prison, certain ethnic groups and
drug using populations in London.[12] In the case notifications database there were more dif-
ferences for records with and without NHS numbers. NHS numbers were missing for more
records in those aged between 15 and 44, males, ethnic minorities, non-UK born and individu-
als with social risk factors. It is not surprising that there were greater levels of missing NHS
numbers for those with social risk factors, as these individuals tend to have poorer access and
usage of NHS services.[13]
The dataset used for main analysis, which only included those records with a valid NHS
number, comprised of low levels of missing data on linkage variables and is therefore likely to
Table 5. Calculation of sensitivity and specificity for probabilistic matching without manual review,
not including address variables and using an ETS dataset that only including non-UK born
individuals.
Variables used for matching Sensitivity Speciﬁcity
All with manual review 99.5% (95%CI: 98.9,
99.8)
100.0% (95%CI: 99.9,
100.0)
All without manual review 99.3% (95%CI: 98.7,
99.7)
99.9%(95%CI: 99.8,
100.0)
No address variables (without manual review) 97.1% (95%CI: 95.9,
98.0)
100.0%(95%CI: 99.9,
100.0)
No address variables, only individuals born outside UK
(without manual review)
96.5% (95%CI: 94.9,
97.8)
100.0% (95%CI: 99.8,
100.0)
doi:10.1371/journal.pone.0136179.t005
Table 6. Estimated sensitivity, specificity, positive predictive value and negative predictive values when varying the thresholds used to determine
matched pairs. Manual review not performed.
Threshold weight
score used
True
positives
Probabilistic
matches
True
negatives
Sensitivity Speciﬁcity Positive predictive
value
Negative predictive
value
10 1067 1094 5521 99.6% 99.5% 97.5% 99.9%
15 1065 1086 5527 99.4% 99.6% 98.1% 99.9%
20 1064 1069 5543 99.3% 99.9% 99.5% 99.9%
25 1060 1062 5546 99.0% 100.0% 99.8% 99.8%
30 1047 1049 5546 97.8% 100.0% 99.8% 99.6%
35 1022 1024 5546 95.4% 100.0% 99.8% 99.1%
40 987 989 5546 92.2% 100.0% 99.8% 98.5%
45 946 948 5546 88.3% 100.0% 99.8% 97.8%
50 922 924 5546 86.1% 100.0% 99.8% 97.4%
doi:10.1371/journal.pone.0136179.t006
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represent the higher end of accuracy achievable by EMS. The datasets used in this study con-
tained a high proportion of individuals not born in the UK, and ethnic minority groups making
this analysis relevant to these populations. The sensitivity analysis examining probabilistic link-
age in a case notifications dataset that only contained UK born individuals examined this issue
further, and found that the accuracy of EMS remained high in this analysis.
NHS number is a unique identifying variable that is verifiable and reliable, making it an
ideal gold standard comparator. However, it is not always available in public health datasets,
demonstrated by the fact that it was available and valid for only 23.3% of laboratory database
records, and 67.8% of case notification records. The high level of missing or invalid NHS num-
bers highlights a strength of probabilistic linkage over exact matching, in addition to the fact
that it is able to account for errors and omissions of other data on linkage variables. However,
the accuracy of probabilistic matching is still dependent on what identifying variables are avail-
able, and the quality of data contained within these variables. The amount of missing data on
linkage variables (e.g. first name, surname, date of birth, sex and address) for those records
with or without a valid NHS number was similar in the case notifications dataset, but the labo-
ratory dataset had more missing data in those records without an NHS number. This may
Fig 2. Number of pairs by total weight score, without manual review or de-duplication and not including NHS number.Only pairs with a total weight
score greater than zero are presented.
doi:10.1371/journal.pone.0136179.g002
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mean that linkage performs less well on such records, but this issue is complicated by the fact
that the laboratory dataset may contain records that should not have an NHS number or
address information (e.g. those isolated from animals). It is therefore difficult to state with cer-
tainty, whether linkage to the laboratory records without a valid NHS number will be lower or
not compared to those with a valid NHS number.
The example dataset from a pre-entry screened migrant population presented in table 3
demonstrates the high quality of international data that can be used for public health analyses.
A linkage between this pre-entry screened population and the case notifications dataset has
enabled an investigation into the risk factors associated with being notified as a case of tubercu-
losis in migrants to the UK and has informed the development of policy at Public Health
England.
Not all tuberculosis cases are microbiologically confirmed, and it is therefore not unex-
pected that the case notification dataset included more individuals than the laboratory data-
base. Conversely it is possible that some patients recorded in the laboratory database were not
notified as a case of tuberculosis and are therefore not included in the case notifications dataset.
There are many reasons for laboratory records not to be found in the case notification dataset
including those isolated from animals, cases reported to the case notification surveillance sys-
tem in subsequent years after laboratory confirmation, cases of non-tuberculosis mycobacte-
rium, samples positive due to laboratory contamination, and samples originating from the
Channel Islands which are not notified to the surveillance system.
The accuracy of matching was assessed using a relatively small dataset. Repeating the analy-
sis on a larger dataset may have some affect on the measures of accuracy found in this analysis,
depending on the frequency of matches between the datasets. For this analysis, matching was
performed between two data sets of the same disease, using several matching variables includ-
ing names, date of birth and address data that had low levels of missing data, and therefore a
high degree of matching is to be expected. In scenarios where a small sample is being matched
into a very large database (such as national records of hospital attendance) then the positive
predictive value or sensitivity will drop according to the prevalence of the sample within the
larger database. This may lead to overestimation of the frequency of occurrence of the sample
within the larger database (i.e. identifying more matches in the larger database than there truly
were) If this linked dataset was used to calculate incidence or prevalence of an outcome, such a
bias within the linked dataset would result in estimates were higher than the true values.[5]
Manual review of matches introduces subjectivity into the matching process and this may
have implications for repeatability of this part of the linkage. Additionally, as the treating
tuberculosis clinician does not perform the manual review (as is usually the case), those per-
forming manual review were quite removed from the clinical situation and this may bias
results. Such human error is likely to be differentially (and not randomly) biased. Further work
should be carried out to assess the impact of the subjectivity of the manual review process, and
examine the applicability of developing rules to provide consistent and potentially unbiased
results.
When used for epidemiological studies, errors in probabilistic linkage have the potential
to impact on findings and conclusions drawn. Linkage is typically used for the generation of
outcome data in cohort studies, for example, to determine the vital status for individual par-
ticipants by matching data into death registries. Assuming there is non-differential misclassi-
fication bias of exposure variables, false positive links will bias risk ratios and risk differences
towards the null.[5,14,15] Risk ratios will be unaffected by false negative results (assuming
there is non-differential misclassification bias), however, risk differences in cohort studies
will be biased towards the null. False positive and negative probabilistic links in public health
surveillance or outbreak studies will also result in under or over estimation of the number of
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cases. We are not aware of studies that have analysed this directly, but capture recapture stud-
ies attempt to examine this issue and in the UK have demonstrated the utility of the probabi-
listic linkage for improving data quality and case ascertainment levels.[16]
For this study, there were insufficient numbers of false positive and false negative results to
enable examination of the issue of misclassification bias further, however, the fact that there
was very high sensitivity and specificity means misclassification should introduce minimal bias.
Further research is needed to understand the implications of these misclassification biases, par-
ticularly when such analyses are being conducted to estimate disease incidence or prevalence.
Probabilistic linkage has been widely adopted in research and service public health analyses.
Several studies have previously examined the accuracy of probabilistic linkage using datasets
ranging in size from 250 to 3,131,176 records. [17] Findings in these studies are consistent with
the results presented in this analysis, with sensitivities ranging from 86% (database sizes: 250
records with N of second dataset not published [18]) to 99.2% (database sizes: 6,000 records in
both[19]), and specificity ranging from 99.4% (database sizes: 6,000 records in both[19]) to
100% (database sizes: 822 and 450[20]). Variation in these results may be due to algorithms
used for probabilistic linkage, as well as characteristics of the datasets such as the rates of miss-
ing data, errors and omissions which impact on the results.
Conclusions
The Enhanced Matching System has been found to have high accuracy for the probabilistic
linkage of public health datasets. With the establishment of national electronic datasets across
health and social care, the accuracy of this software enables previously unanswerable research
questions to be tackled.[21–23] Probabilistic linkage has great potential to be used where exact
matching using a common identifier is not possible, including in low-income settings, and for
vulnerable populations such as homeless populations. In these situations, the absence of unique
identifiers has historically hindered the ability to identify individuals across separate datasets
in order to establish outcomes or exposures as required by many types of epidemiological
study design.
Supporting Information
S1 Table. Description of how sensitivity, specificity, positive and negative predictive values
were calculated.
(DOCX)
Acknowledgments
We would like to thank Richard Pebody, for an informative seminar introducing us to probabi-
listic linkage; Michelle Kruijshaar, for valuable contributions to all aspects of EMS; and David
Quinn for leading the design of EMS (developed by KS), drafting (mainly with KS) descriptions
of EMS, probabilistic linkage, and of an initial evaluation of the system, as well as for critical
review of the content of the manuscript and providing useful comments and revisions.
Author Contributions
Conceived and designed the experiments: RWA KS ACH IA. Performed the experiments:
RWA KS. Analyzed the data: RWA KS. Contributed reagents/materials/analysis tools: RWA
KS ACH IA. Wrote the paper: RWA KS ACH IA.
Accuracy of Probabilistic Linkage for Research Studies
PLOS ONE | DOI:10.1371/journal.pone.0136179 August 24, 2015 14 / 15
References
1. Gill M, Goldacre MJ, Yeates DGR. Changes in safety on England’s roads: analysis of hospital statistics.
BMJ. 2006; 333: 73. doi: 10.1136/bmj.38883.593831.4F PMID: 16798753
2. Trends in mortality rates comparing underlying-cause and multiple-cause coding in an english popula-
tion 1979–1998. Journal of Public Health Medicine. 2003; 25: 249–253. PMID: 14575203
3. Jit M, Stagg HR, Aldridge RW,White PJ, Abubakar I, For the Find and Treat Evaluation Team. Dedi-
cated outreach service for hard to reach patients with tuberculosis in London: observational study and
economic evaluation. BMJ. 2011; 343: d5376–d5376. doi: 10.1136/bmj.d5376 PMID: 22067473
4. WHO | Assessing tuberculosis under-reporting through inventory studies. In: WHO [Internet]. [cited 28
Jan 2015]. Available: http://www.who.int/tb/publications/inventory_studies/en/.
5. Blakely T, Salmond C. Probabilistic record linkage and a method to calculate the positive predictive
value. Int J Epidemiol. 2002; 31: 1246–1252. doi: 10.1093/ije/31.6.1246 PMID: 12540730
6. Bradley CJ, Penberthy L, Devers KJ, Holden DJ. Health Services Research and Data Linkages: Issues,
Methods, and Directions for the Future. Health Services Research. 2010; 45: 1468–1488. doi: 10.1111/
j.1475-6773.2010.01142.x PMID: 21054367
7. Newcombe HB. Handbook of Record Linkage: Methods for Health and Statistical Studies, Administra-
tion and Business. Oxford University Press; 1988.
8. Potz N, Powell D, Pebody R, Lamagni T, Bridger D, Duckworth G. Development of a method to link
infection and mortality data. Health Protection Agency Annual Conference. Warwick: Health Protection
Agency; 2006. Available: http://webarchive.nationalarchives.gov.uk/20140714084352/http:/www.hpa.
org.uk/webc/HPAwebFile/HPAweb_C/1200660056163
9. Tuberculosis (TB) in the UK: annual report—Publications—GOV.UK [Internet]. [cited 3 Nov 2014].
Available: https://www.gov.uk/government/publications/tuberculosis-tb-in-the-uk.
10. Soundex [Internet]. Wikipedia, the free encyclopedia. 2014. Available: http://en.wikipedia.org/w/index.
php?title=Soundex&oldid=603659797
11. Fellegi IP, Sunter AB. A theory for record linkage. Journal of the American Statistical Association. 1969;
64: 1183–1210.
12. Maguire H, Brailsford S, Carless J, Yates M, Altass L, Yates S, et al. Large outbreak of isoniazid-mono-
resistant tuberculosis in London, 1995 to 2006: case-control study and recommendations. Euro Surveil-
lance: Bulletin Europeen sur les Maladies Transmissibles = European Communicable Disease Bulletin.
2011; 16. doi:19830
13. Story A, Aldridge RW, Gray T, Burridge S, Hayward AC. Influenza vaccination, inverse care and home-
lessness: cross-sectional survey of eligibility and uptake during the 2011/12 season in London. BMC
Public Health. 2014; 14: 44. doi: 10.1186/1471-2458-14-44 PMID: 24433371
14. Copeland KT, Checkoway H, McMICHAEL AJ, Holbrook RH. Bias Due to Misclassification in the Esti-
mation of Relative Risk. Am J Epidemiol. 1977; 105: 488–495. PMID: 871121
15. Howe GR. Use of Computerized Record Linkage in Cohort Studies. Epidemiol Rev. 1998; 20: 112–
121. PMID: 9762514
16. VAN Hest NAH, Story A, Grant AD, Antoine D, Crofts JP, Watson JM. Record-linkage and capture-
recapture analysis to estimate the incidence and completeness of reporting of tuberculosis in England
1999–2002. Epidemiol Infect. 2008; 136: 1606–1616. doi: 10.1017/S0950268808000496 PMID:
18346285
17. Silveira DP da, Artmann E. Accuracy of probabilistic record linkage applied to health databases: sys-
tematic review. Rev Saude Publica. 2009; 43: 875–882. PMID: 19784456
18. Coutinho ESF, Coeli CM. [Accuracy of the probabilistic record linkage methodology to ascertain deaths
in survival studies]. Cad Saude Publica. 2006; 22: 2249–2252. PMID: 16951897
19. Grannis SJ, Overhage JM, Hui S, McDonald CJ. Analysis of a Probabilistic Record Linkage Technique
without Human Review. AMIA Annu Symp Proc. 2003; 2003: 259–263.
20. Nagle CM, Purdie DM, Webb PM, Green AC, Bain CJ. Searching for cancer deaths in Australia:
National Death Index vs. cancer registries. Asian Pac J Cancer Prev. 2006; 7: 41–45. PMID: 16629513
21. Callaway E. UK push to open up patients’ data. Nature. 2013; 502: 283–283. doi: 10.1038/502283a
PMID: 24132268
22. BMJ Blogs: The BMJ » Blog Archive » Clare Gerada: Why care.data will be transformational to the NHS
[Internet]. [cited 4 Sep 2014]. Available: http://blogs.bmj.com/bmj/2014/02/12/clare-gerada-on-why-
care-data-will-be-transformational-to-the-nhs/.
23. Lyons RA, Ford DV, Moore L, Rodgers SE. Use of data linkage to measure the population health effect
of non-health-care interventions. The Lancet. 2014; 383: 1517–1519. doi: 10.1016/S0140-6736(13)
61750-X
Accuracy of Probabilistic Linkage for Research Studies
PLOS ONE | DOI:10.1371/journal.pone.0136179 August 24, 2015 15 / 15
